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Abstract 
Nowadays, the web service (WS) usage in information systems (IS) includes determining 
a feasible WS that fulfils a set of non-functional requirements of Quality of Services (QoS) 
and user’s needs of Quality of Experience (QoE). While most existing studies evaluate WS 
from one perspective, i.e., users, and are based on data-driven approach, which employs a 
numerical dataset to learn a reasoning model, they overlook that users express their needs 
in a non-numerical form. To address these issues, we propose a new fuzzy reasoning 
approach for predicting WS QoS/QoE with the adaptive neuro-fuzzy inference system 
(ANFIS) that encompasses multiple viewpoints and perspectives, and is also suitable for 
linguistic terms. To verify the efficiency, we implemented the proposed approach, 
conducted two experiments and compared them. The results show a good performance of 
the proposed approach for predicting WS QoS/QoE, and, consequently, it can be considered 
a suitable tool for predicting. 
Keywords: web service, quality of service, QoS, quality of experience, QoE, Information 
system, fuzzy reasoning. 
 
1. Introduction 
Over the past years, service-oriented architecture (SOA) has been widely adopted by 
stakeholders from research and industry in information systems (IS), since it provides a 
standardized way to achieve interoperability between heterogeneous IS independently of 
their implementation technologies and platforms [5]. Therefore, various stakeholders have 
provided plenty of web services (WS) with similar functionality. Consequently, it makes 
challenging to discover and select appropriate WSs based on their functionality [32]. As a 
solution, some authors propose using non-functional properties of Quality of Service (QoS) 
and user’s needs in the form of constraints/requirements of Quality of Users Experience 
(QoE) in planning WSs for IS [14]. Consequently, WSs description discovery, selection, 
ranking, composition, deployment, execution, monitoring, and adaptation [23] is being 
performed based on the WS QoS/QoE planning, which is an initial step before performing 
all mentioned WSs usage tasks. 
Since quality is a vague concept, it should be expressed using a fuzzy sets theory [26], 
[37]. Most of the proposed systems are fuzzy controllers, like Mamdani, Sugeno, etc., 
which work very satisfactorily with a numerical input and output [33], [38], [40]. 
Nevertheless, users express their needs and users experience not only numerically, but 
rather in linguistic form. For example, a user needs a “good” WS with “low” cost. 
Consequently, fuzzy reasoning systems (FRS) that attempt to emulate human thought 
through rules and can deal with both numeric and linguistic data are applicable here. 
However, the most existing the WS QoS/QoE planning approaches and systems dealing 
with numerical input, only. Therefore, there is a lack of hybrid reasoning approaches and 
systems, which can deal with both numerical and linguistic data input.  
According to [16], the adaptive neuro fuzzy inference system (ANFIS) usage in 
modelling and identification of numerous systems allows us to achieve more successful 
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and accurate results. In most applications, ANFIS outperforms other modelling 
approaches, like artificial neural networks (ANN), Fuzzy inference systems (FIS) or 
multiple linear regression [2]. Therefore, in this study, we are using ANFIS. 
The purpose of this paper is to propose a combined fuzzy reasoning approach for 
predicting WS QoS/QoE with an adaptive neuro fuzzy inference system (ANFIS). The 
main advantage of the proposed approach is that it encompasses multiple viewpoints and 
perspectives from domain for WS QoS/QoE planning [15], [27], [34] and uses ANFIS for 
improvement of reasoning accuracy. Moreover, the proposed new approach works not only 
with crisp input (i.e., numbers), but also with linguistic terms that allows us to obtain more 
reasonable results in the output of FRS. 
The rest of this paper is structured as follows. Section 2 gives an overview of related 
work. Section 3 presents a new fuzzy reasoning approach for predicting WS QoS/QoE with 
ANFIS. Section 4 gives the description of experiments, and Section 5 concludes the paper. 
2. Related Work 
2.1. Quality of Web Services in IS 
In the literature, we can find a number of various QoS models with different perceptions 
of the quality concept. The most common QoS description is based on non-functional 
attributes (like availability, reliability, response time, cost, reputation, throughput and 
security) from the users’ perspective [11], [13]. In [10], authors have displayed 13 main 
quality attributes. Tao [36] has divided QoS attributes into two categories: objective 
attributes (like response time and throughput), and subjective attributes (like cost and 
reputation). Subjective attributes are obtained from the user’s subjective evaluation and 
depend on the user’s experience [22]. Objective attributes depend on WS implementation 
and the quality of its construction [10]. From another side, QoS attributes can be static or 
dynamic. Static QoS attributes are attributes whose values do not change, e.g., cost, and 
dynamic QoS attributes are the ones whose values depend on the parameters (e.g., user’s 
location) and can change [35]. In addition, dynamic QoS attributes depend on the provider, 
the user, and the network infrastructure [10], [35]. Authors of [39] propose context-aware 
QoS prediction, where context is understood as the IT infrastructure in the user side and 
the running environment in the service side. In [12], authors analyse QoS distribution from 
IS perspective. In [18], authors have found that reverse dependence exists between 
response time and throughput, and it should be implemented into QoS model. 
However, the analysed QoS-driven approaches for WS planning are insufficiently 
accurate and personalized [1], [3], [20]. It is not clear, what are the QoS attributes and how 
they should be measured [10]. QoS attributes got from service descriptors or service 
providers do not reflect the real quality of these WS, i.e., they differ for various users, 
depend on the context, change dynamically in time according to several parameters [29].  
Therefore, a number of approaches based on QoE have been proposed. QoE is a 
subjective measure of user’s experiences with a WS. The user’s experience refers to all the 
emotions and feelings experienced by the user before, during and after the purchase of a 
product or service [9]. It is a source of satisfaction and loyalty influence [19]. QoE can be 
measured in two ways: subjective and objective [6]. Subjective QoE is a measurement of 
user satisfaction by focusing on user opinion obtained via questionnaires and rating scales 
(like Likert scale). Objective QoE is prompted by human-computer interaction and 
emphasizes the outcomes of the user’s experience with or through the technology, i.e., QoE 
concerns user performance, like user task completion in real time. Authors of [14] have 
expressed QoE as weighted average of two QoS parameters (response time and 
throughput). They have presented the Cube model to provide different QoS perspectives 
as the following: provider-service, consumer-provider and consumer-service. In [4], 
authors understand QoS from a user’s perspective as QoE.  
Although the studies mentioned above have made improvements for QoS/QoE 
prediction to varying degrees, there is still a lack of an integrated QoS/QoE approach, 
which relies on information from multiple sources, rather than considering direct 
connections between users and services [8]. Moreover, as can be seen from these related 
works, all analysed the WS QoS/QoE planning approaches and systems deals with 
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numerical input, only. Therefore, in this paper, a multiple viewpoints and perspectives 
model is proposed for WS QoS/QoE planning in IS with hybrid input. 
2.2. Fuzzy Reasoning for QoS/QoE Prediction 
Fuzzy set theory is successfully used for QoS requirement-aware dynamic service 
discovery and adaptation [37], QoS-aware resource service selection [40], service 
adaptation based on QoS [31], QoS-aware service composition [38], etc. However, 
analysed approaches consider only one type of user, like end user, and its needs, as in [18], 
[37], [41]. In [37], authors present a sophisticated formal description of fuzzy QoS 
requirement-aware dynamic service discovery and adaptation. Authors of [21] take into 
account variations of QoS and the users’ application requirements in different periods. 
Authors of [18] have employed ANFIS for QoS violation decision and experimented with 
data captured through the simulation of a private cloud service.  
In [10], authors have surveyed WS QoS prediction methods and concluded that a 
complete method for QoS prediction should be personalized (i.e., QoS/QoE) model-based 
(i.e., the model is achieved through a particular learning technique by learning from a 
training dataset) method that take into consideration different features of users, services, 
interactive environment, time, location and trust factors in model prediction. However, the 
reviewed approaches concentrate on a particular property, like user’s needs, time, etc.  
Moreover, most of analysed prediction systems work very satisfactorily with a 
numerical input and output, like Mamdani, Sugeno, etc., fuzzy controllers [33], [37], [38], 
[40]. Nevertheless, users express their needs not necessarily numerically. It is therefore 
necessary for systems, which simulate human thinking and can handle both numeric and 
non-numerical (e.g., linguistic) data. Another limitation of existing prediction systems is 
that they are model-based [10] and need enough set of data of a particular application 
domain to form a training set and a testing set. As stated in [37], not in all cases publicly 
available dataset for experiments exist and/or it is also hard to find many users to collect 
enough usage data. Therefore, necessary data can be collected from experts to set up the 
proposed approach, as to define fuzzy rules.  
In this paper, we propose a combined fuzzy reasoning approach for predicting WS 
QoS/QoE with an adaptive neuro fuzzy inference system (ANFIS). The proposed approach 
encompasses multiple viewpoints and perspectives from domain for WS QoS/QoE 
planning [15], [27], [34] and uses ANFIS for accuracy improvement. 
3. On Fuzzy Predicting Web Services QoS/QoE with ANFIS 
3.1. On the QoS/QoE model 
Based on [15], [27], [34], WS QoS should be analysed through viewpoints, perspectives 
and views. A viewpoint is the role-dependent angle, under which WS is seen and being 
studied. It defines different sources of WS judgement information, and these sources may 
have different, often equally valid, perspectives [34]. Also, since QoS is viewed from the 
user’s (i.e., role’s) side, by definition we get a subjective QoE here. In this study, we have 
examined three viewpoints (eq. (1)) as follows. The domain user’s viewpoint (𝑣 ) is related 
to business domain experts, which focus on qualities specific to a particular business 
domain. For example, in online streaming multimedia services the quality bits-per-second 
is more important than the security. In online banking services, vice versa, the security is 
more important than the bits-per-second [30]. The provider’s viewpoint (𝑣 ) considers WS 
QoS as a compliance with the stated requirements, which are mostly formulated in business 
and technical terms. The application developer’s viewpoint (𝑣 ) is related to application 
developers, which focus on non-functional properties of an application software product 
or on WS technical quality.  
 
𝑉 = {𝑣 |1 ≤ 𝑖 ≤ 3} (1) 
 
A perspective is a “feature filter,” through which we see WS QoS. In this study, we have 
chosen two perspectives (eq. (2)) as follows. According to the cost-based perspective (𝜋 ), 
WS QoS is a degree of excellence at an acceptable price. According to the value-based 
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perspective (𝜋 ), WS QoS is WS fitness for requestor’s values and preferences. It differs 
depending on a service requestor for whom it is defined. 
 
Π = {𝜋 |1 ≤ 𝑖 ≤ 2} (2) 
 
A view is a viewpoint- and perspective- independent judgement on the acceptable quality 
level of WS in question. It is obtained by aggregating all perspectives and viewpoints. 
Viewpoints and perspectives are combined to the relationship ρ (eq. (3)): 
 
ρ = 〈𝑉, Π, Q〉,  (3) 
 
where: ρ denotes the relationship among viewpoints V, perspectives Π and linguistic 
variables 𝑄, which denote generic qualities (eq. (4)), like response time, throughput, etc. 
 
𝑄 = 〈𝐿, 𝑇(𝐿), 𝑈, 𝑀〉,  (4) 
 
where: L is the name of a linguistic term; T(L) is the set of terms of L, i.e., the collection 
of linguistic values t of L, where each term t ∊ T(L); U is a universe of the discourse (UoD); 
and M is a semantic rule used to associate each term with its meaning, M(T), where M(T) 
is a subset of U. M(T) is defined as a fuzzy set A (eq. (5)). 
 
𝐴 = {𝑢, 𝜇 (𝑢)|𝑢 ∈ 𝑈, 𝜇 : 𝑈 → [0; 1]},  (5) 
 
where: U contains elements u, and µA(u) is a membership function u in A. 
Then 𝛷 is a family of fuzzy AND trees Λ  of WS QoS attributes, where each tree 
describes a generic quality Q, evaluated from Π and observed from V (eq. (6)). 
 
𝛷 = 𝛬 ,  (6) 
 




′ , 𝜌 , 𝑙𝑎𝑏𝑒𝑙〉, (7) 
 
where: 𝑇(𝐿)  and 𝑇(𝐿)  are sets of normalized linguistic terms, 𝜌  is a relationship 
between two linguistic terms expressed by a Euclidean distance (see eq. (10)), label is a 
rule set for merging or separating linguistic terms. For more see [26]. 
Then the WS QoS planning problem is defined by eq. (8): 
 
𝑄𝑜𝑆 = {𝑉, 𝛱, 𝜌, 𝛷, 𝜌 , 𝐼𝑛𝑝𝑢𝑡, 𝑂𝑢𝑡𝑝𝑢𝑡 },  (8) 
 
where: ρ  denotes the fuzzy relation equilibrium used to balance 𝑄, Input is the set of 
linguistic terms T(L) of a bottom-level WS QoS, evaluating their acceptable quality levels 
for each 𝛱 observed from each 𝑉, Output is a final linguistic term of WS QoS. 
3.2. Approach description 
Accordingly, the new fuzzy reasoning approach for predicting WS QoS/QoE with ANFIS 
is proposed (Fig. 1). It consists of two main parts as Fuzzy Inference Model based on 
domain experts knowledge on WS QoS linguistic variables and ANFIS, which uses 
external domain dataset for reasoning adjustment. The main advantage of the proposed 
approach is that it encompasses multiple viewpoints and perspectives, expert knowledge 
and external domain dataset for the WS QoS prediction.  
The approach consists of the following steps: 
1. Fuzzification is responsible for converting the data input into fuzzy linguistic variables 
by applying a particular fuzzification method. This method presents a way of 
determining the degree, to which input variables belong to each of the appropriate 
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fuzzy sets via the membership functions (MFs). In the proposed approach, the input 
(Input) of the fuzzification component consists of linguistic terms T(L) assigned for 
bottom-level WS QoS evaluating their acceptable quality levels for each perspective 
observed from each viewpoint. This Input is formed by domain experts, i.e., expert 
knowledge. The fuzzified output data is presented for balancing. 
 
 
Fig. 1. The proposed approach schema. 
2. Balancing is responsible for the application of a particular balancing algorithm, which 
forms linguistic values of the bottom level quality attributes (see eq. (7)). For example, 
we need balancing between “very high” security and “low” price, i.e., values are 
incompatible. The output of this step is the set of balanced linguistic variables in the 
form of crisp data. It is transferred as the input to Fuzzy reasoning and ANFIS.  
3. Fuzzy reasoning is performed for each V and Π, and for each tree (Λ ) of the quality 
attributes using some implication [17], like Larsen, Mamdani, etc. Then, fuzzy 
arithmetic mean [7] is used to aggregate all computed components of the QoS/QoE 
attribute. The output of fuzzy reasoning is a set of Π values for each V. Fig. 2 shows 
the algorithm used for fuzzy reasoning. 
4. Aggregation is performed for V and Π by transforming the obtained perspective values 
for each viewpoint into fuzzy numbers based on eq. (9) [7]: 
 
Aggreg(𝑥 , 𝑥 , … , 𝑥 ) = ∑ 𝜇 𝑥  and ∑ 𝜇 = 1, (9) 
 
where: 𝑥  is a fuzzy number of a perspective in a particular viewpoint, 𝜇  is a strength of 
a fuzzy number, n equals to the 𝑣𝑖𝑒𝑤𝑝𝑜𝑖𝑛𝑡 × 𝑝𝑒𝑟𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒. Note that fuzzy numbers are 
described by a particular MF. In this study, we use a triangular MF (see eq. (12)), which 
describes a fuzzy number by three (i.e., left, right and middle) points.  
Moreover, in the Aggregation step, we get an input from ANFIS in the form of fuzzy 
numbers of linguistic variables. This ANFIS input is used to adjust the fuzzy numbers, 
obtained after application of eq. (9) and using eq. (7). ANFIS is explained in Section 3.3. 
5. Linguistic approximation is performed to answer the question by the obtained result in 
linguistic approximation: „What linguistic term is suitable to name a resulted fuzzy set 
of the deduction process?” For the aim of linguistic approximation, the distance 
measurement between two sets of fuzzy numbers, like the Euclidean distance (Best Fit 
Technique), is applied (eq. (10) [25]). 
 
𝑑(𝐴, 𝐵) = ∑ ( 𝜇 (𝑢 ) −  𝜇 (𝑢 )) , (10) 
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where: A and B are fuzzy sets in 𝑈 and D is the fuzzy number (i.e., 𝐷 = 3 by triangular 
MF, 𝐷 = 4 by trapezoidal MF). For n, the Euclidean distance matrix n×n is calculated and 
the minimum distance to the nearest linguistic term of WS QoS is determined. This nearest 
term is treated as a linguistic term for the approximated fuzzy number. 
6. Knowledge Base consists of a collection of MFs, rules for reasoning in Fuzzy Logic, 
like Modus Ponens, Modus Tollens, etc., fuzzy implication operators, etc. The ways of 
developing MFs are presented in [26]. 
7. QoS model is described in Section 3.1. 
 
 
Fig. 2. The fuzzy reasoning algorithm. 
 
Summing up, the output (Output) of the WS QoS Planning System in the form of 
linguistic term is obtained.  
3.3. ANFIS 
The adaptive neuro fuzzy inference system (ANFIS) integrates both the fuzzy inference 
system (FIS) and the artificial neural network to solve complex problems in one framework 
[16]. Network structure of ANFIS consists of premise and consequence parts, which are 
connected with each other using IF-THEN fuzzy rules (eq. (11)):  
 
𝑅 ∶ 𝑖𝑓 𝑥  𝑖𝑠 𝐴
( )
… 𝑎𝑛𝑑 … 𝑥  𝑖𝑠 𝐴
( )
 𝑡ℎ𝑒𝑛 𝑓 =  𝑎  ∙ 𝑥 +  𝑏 , (11) 
 
where (𝑥 𝜖 ℝ ) is the vector of inputs and (𝑎 , 𝑏 ) are the coefficients of linear Takagi–
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Sugeno consequents.  
Training ANFIS means determination of the parameters belonging to premise and 
consequence parts utilizing an optimization algorithm. ANFIS uses the existing input–
output data pairs during training. Structure of ANFIS consists of five layers (Fig. 3): 






0,   𝑖𝑓 𝑥 < 𝑐 , 𝑐 ≤ 𝑥,
,   𝑖𝑓 𝑐 ≤ 𝑥 < 𝑐 ,
,   𝑖𝑓  𝑐 ≤ 𝑥 < 𝑐 ,
, (12) 
 
where: 𝑐 , 𝑐 , 𝑐  are the adaptive parameters of the function. Their values are adapted by 
back-propagation algorithm during the learning stage. As the values of the parameters 
change, the MF of the linguistic term 𝐴  changes, also. 
 
 
Fig. 3. The basic ANFIS structure. 
 
Layer 2: Evaluation of the rule strength: each node provides the rule strength 𝑤  (eq. (13)): 
 
𝑤 = 𝜇 (𝑥) (13) 
 






Layer 4: Application of the rule (𝑅 ) to obtain the output 𝑓  as follows in eq. (11).  
Layer 5: Computation of the global model response (f) is given in eq. (15): 
 
𝑓 = ∑ 𝑤 𝑓 , (15) 
 
After the training is complete, the performance of ANFIS is determined by a set of different 
algorithms. In our case, we have used the mean squared error (MSE) [24] (eq. (16)) to 
measure the average of the squares of errors between the output 𝑓 and the training 𝑓 . 
 
𝑀𝑆𝐸 = 1/𝑛 ∑ (𝑓 − 𝑓 ) , (16) 
 
where 𝑓  and 𝑓  denote the ANFIS output and the measured value from the i-th 
element. The closer MSE is to zero, the more accurate the predicted result is. 
4. Results 
The user’s need for a particular WS can be formulated as the following: “As a Manager I 
want to submit an order quickly so that to do my job faster and have more free time.” In 
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order to predict what the QoS characteristics should have the WS, the proposed model was 
implemented into a prototype and two experiments were conducted. The first experiment 
(Experiment 1) has been conducted through steps, as described in the proposed approach 
in Section 3. The second experiment (Experiment 2) has been conducted in the same way, 
but without ANFIS. The final results of two experiments are compared.  
According to the proposed model, the input, which is formed by domain experts, of the 
WS QoS Planning System is presented in Table 1. As can be seen in Table 1, an intuition-
based expert judgement approach (i.e., a group of six experts have represented their opinion 
on partition intervals of Response time and Throughput) was combined with a perspective-
based approach (i.e., the cost-based and the value-based perspectives) [27]. Experts were 
selected from various role groups according to the different viewpoints to WS as follows: 
two domain users, two WS providers and two application developers. 
 






Response time (sec) Throughput (kbps) 
Expert 1 Expert 2 Expert 1 Expert 2 
Cost-based (𝝅𝟏) Value-based (𝝅𝟐) Cost-based (𝝅𝟏) Value-based (𝝅𝟐) 
Domain 
user’s (𝑣 ) 
Very High [0, 4] [0, 3]  [820, 990] [800, 1000] 
High [4, 8] [3, 6] [600, 820] [600, 800] 
Moderate [8, 12] [6, 15] [400, 600] [300, 600] 
Low [12, 16] [15, 17] [250, 400] [200, 300] 
Very Low [16,18] [17, 19] [0, 250] [0, 200] 
  Expert 3 Expert 4 Expert 3 Expert 4 
Provider’s 
(𝑣 ) 
Very High [0, 3] [0, 4]  [880, 990]   [700, 900] 
High [3, 6] [4, 6] [600, 880] [405, 700] 
Moderate [6, 14] [6, 11] [305, 600] [305, 405] 
Low [14, 17] [11, 15] [305, 405] [100, 305] 
Very Low [17, 20] [15, 18] [0, 305] [0, 100] 




Very High [0, 3] [0, 4]  [630, 900]  [630, 1000] 
High [3, 7] [4, 7] [480, 630] [500, 630] 
Moderate [7, 11]  [7, 14] [370, 480] [350, 500] 
Low [11, 13] [14, 17] [150, 370] [100, 350] 
Very Low [17, 20] [17, 20] [0, 150] [0, 100] 
 
The data collected from experts (Table 1) is transferred to fuzzification, balancing and 
fuzzy reasoning (Section 3). An intermediate data after Fuzzy reasoning is presented in 
Table 2. After all processing, Response time and Throughput values are combined and 
combinatorial variants of the QoS characteristic Performance are obtained. Table 2 
presents only Performance related to the formulated user’s need for submitting an order 
quickly. Performance is characterised by fuzzy numbers, which are converted to linguistic 
terms. Those Performance fuzzy numbers are transferred to Aggregation. 
 
Table 2. An intermediate data after Fuzzy reasoning in Fuzzy Inference Model. 
 
No. Response Time Throughput 
Performance 
Fuzzy number Linguistic Term 
1. Very High Very High 0.02333 0.07941 0.15215 Very High 
2. Very High High 0.03305 0.13705 0.24174 Very High 
3. High Very High 0.04472 0.19705 0.34840 Very High 
4. High High 0.10338 0.40419 0.72365 High 
5. High Moderate 0.37083 0.57593 0.67062 High 
6. Moderate High 0.39545 0.47045 0.67777 High 
7. Moderate Moderate 0.72156 0.84934 1 Moderate 
 
In parallel, the set of balanced linguistic variables in the form of crisp data is transferred 
from Fuzzy Inference Model (Fig. 1) to ANFIS. They are used as an initial model, which 
is optimized by ANFIS using an external domain dataset. We have used a set of real web 
services collected from WSDream [42, 43] dataset, which describes real-world response 





Fig. 4. Distribution of initial data from WSDream dataset with respect to output data.  
 
The ANFIS settings for this study are presented in Table 3.  
 
Table 3. Training ANFIS settings. 
 
Parameter Description/Value 
Fuzzy structure / FIS training data Sugeno / genfis1 
FIS object generation grid partition on the data 
MF type of Input / MF type of Output trimf (triangular) / constant 
Number of input/outputs 2/1 
Number of MFs associated with each input 5 
Optimization method hybrid 
Training algorithm to model the training data least-squares and backpropagation gradient descent methods 
Maximum number of training epochs 1000 
Initial step size 0.001 
Step size decrease rate/ increase rate 0.9/2 
Data for training/Data for testing 80/20 
 
Fig. 5 presents the results of dataset processing by ANFIS. As can be seen, the results 




a)      b) 
Fig. 5. Intermediate data after processing in ANFIS: a) results of training; b) results of testing. 
 
Those results of ANFIS are transferred to Aggregation. Consequently, in the case of 
Experiment 1, in the Aggregation we have two sets as the following: 1) Performance fuzzy 
numbers after Fuzzy Reasoning in Fuzzy Inference Model, and 2) Performance fuzzy 
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numbers from ANFIS. Those two sets are aggregated as presented in eq. (9) and the fuzzy 
numbers are adjusted according to eq. (7). In the case of Experiment 2, in the Aggregation 
we have only one set – Performance fuzzy numbers after Fuzzy Reasoning in Fuzzy 
Inference Model. It is aggregated as presented in eq. (9). 
The visual comparison of the obtained results of Experiment 1 and Experiment 2 are 
presented in Fig. 6. It can be seen that in Experiment 1 (Fig. 6a), we have more precise 
partitioning of the QoS characteristic Performance. Results of Experiment 2 (Fig. 6b) 
requires additional optimization. Colours denote Performance variations depending on the 





a)      b) 
Fig. 6. Obtained results in: a) Experiment 1; b) Experiment 2. 
 
The obtained results show that the proposed model (Fig. 6a) has greater accuracy to predict 
WS QoS/QoE. Finally, according to the initial user’s need to submit an order quickly, we 
should have to provide a WS with Response time “high” or “moderate” and Throughput 
“high” or “moderate”, but not “moderate” both. 
5. Conclusions 
In this paper, a new fuzzy reasoning approach for predicting WS QoS/QoE with ANFIS 
has been proposed and evaluated. The results of experiments show that the proposed 
approach is suitable to predict WS QoS/QoE, when input data is not only numerical values, 
but also linguistic terms. Moreover, for the improvement of reasoning accuracy it 
encompasses multiple viewpoints and perspectives from the domain for WS QoS/QoE 
planning.  
The capability of the proposed approach was evaluated to predict WS QoS/QoE by 
conducting two experiments and comparing their results. The first experiment (Experiment 
1) implements the proposed approach. The second experiment (Experiment 2) has been 
conducted in the same way, but without ANFIS. The results of two experiments showed 
that the proposed approach gives more accurate results (Experiment 1) and suitable for 
predicting WS QoS/QoE. According to these results, the proposed approach can be 
considered as a suitable tool for predicting WS QoS/QoE. 
As future work, we also plan to refine the proposed approach and the developed 
prototype and conduct new and more complex experiments. We also believe that is would 
be interesting to include more QoS/QoE attributes in our research and conduct 
experiments. Finally, we plan to perform statistical analysis, which we find useful to 
evaluate the effectiveness of our approach.  
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